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Abstract
In this study, we develop a reliable and highperformance multi-layer feed-forward artificial
neural networks (MFANNs) model for predicting
gender classification. The study used features for a
set of 450 images randomly chosen from the FERET
dataset. We extract the only high-merit candidate
parameters form the FERET dataset. A discrete
cosine transformation (DCT) is employed to
facilitate an image description and conversion. To
reach the final gender estimation model, authors
examined three artificial neural classifiers and each
extremely performs deep computation processes. In
addition to the MFANNs, artificial neural networks
(ANNs) classifiers include support vector regression
with radial-basis function (SVR-RBF) and k-Nearest
Neighbor (k-NN). A 10-folds cross-validation
technique (CV) is used to prove the integrity of the
dataset inputs and enhance the calculation process
of the model. In this model, the performance criteria
for accuracy rate and mean squared error (MSE) are
carried out. Results of the MFANNs models are
compared with the ones that obtained by SVR-RBF
and k-NN. It is shown that the MFANNs model
performs better (i.e. lowest MSE = 0.0789, and
highest accuracy rate = 96.9%) than SVR-based and
k-NN models. Linked the study findings with the
results obtained in the literature review, we conclude
that our method achieves a recommended
calculation for gender prediction.

1. Introduction
Gender detection is an indispensable biological
metric and plays a significant role in many human
applications. These applications vary to represent
immigration, border access, law enforcement,
defence and intelligence, citizen identification, and
banking [1]. A daily increasing demand for a reliable
gender classifier motivates researchers for
continuous competing in developing algorithms that
solve gender prediction and fixing verification
problems [2]. Nowadays, gender prediction
represents a primary factor in all human-based
techno-systems. A study [3] defines gender
detection, as a convenient, verifiable, and
inexpensive biometric feasible technique that widely
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used for human classification. Recently, a number of
gender detection methods have been discovered.
However, this field is still open and expecting
nonexpensive and more accurate algorithms to be
announced [4]. Head and face zones are the most
important human parts that contain several valuable
gender characteristics and each feature is mature
enough to be examined to validate a gender class [5].
Based on morphological structure [5-6], the primary
difference between male and female can be
mentioned in many points. In summary, a study in
[6] determined these elementary points as: face size
and dimorphism, skull appearance at the forehead
region, the cheekbones, the superior rim in the eye
orbital area, and the chin. Figure 1 below depicts the
skull variations between male and female.
Considering human classification, indeed other
indications and feelings such as mood, identity, and
ethnicity are very prior in many gender prediction
and classification techniques [7].
In general, the input features for the prediction
system are divided into two main categories; named
local properties and global ones. The global features
involve geometric dimensions and occlusion.
However, the local category covers the batches
which are very necessary for computing vector [8].
Before computations, the input features are
preprocessed and organized. This step requires a
proper measuring and orchestrating the merit
parameters that ultimately enhance the classifier
power. The study used the FERET dataset to grant
the quality of the input records and strengthening the
outputs computations.
The previous studies proved that researchers have
reached consensus on the accuracy of the FERET
dataset usability [7-9]. Authors are very grateful for
the National Institute of Standards and Technology
(NIST) for permitting us to use the FERET dataset
[see Appendix]. From the RERET dataset, a set of
450 images data points (records) are randomly
selected. Each data point is an array of six inputs
fields and a single output feature. Each field
represents one or more input variables in the inputs
set. In our ANNs prediction models, the input matrix
contains variables for flags, kind, name, date,
extension, and modifiers which are determined to
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represent the exact image metrics. These metrics are
abstracted from the image size, type, name, glasses,
eyes, hair, position, etc. All images extensions are of
type portable network graphics (.png). In this study
the only output parameter is gender. A set of the
selected features have been encoded to form a single
and standard numerical array for the images. To
facilitate the computation complexity, the system
normalized the encoded numerical values. It is a
robust transformation method and very suitable for
image processing and objects recognition. DCT is
the popular image descriptors and transformation
techniques used in training and testing phases to
support the ANNs’ classifiers that perfectly compute
the outputs. It extracts the maximum merits features
from the original image, forms the image matrix, and
simply forwards them as inputs to the input layer for
gender computation model [5]. The golden goal of
this paper is to build, with the help of ANNs
prediction tools and use the FERET dataset, a
reliable model for gender prediction characterizes
with low errors and cost too. Indeed, many proposals
for gender prediction have been posted, but very
often, ANNs’ techniques are the fittest candidates
that perfectly performed gender examination [10],
[11].
The study uses three powerful neural intelligent
mechanisms (MFANNs, SVR-RBF, and kNN) with a
deep model derivation and successfully constructed
an accurate gender prediction model. These ANNs’
techniques characterized by a high ranking in
building models for prediction, classification, and
promote the calculation processes. The study
evaluates the classifiers’ performance measured by
computing the accuracy rate and MSE. The results
proved that our model for gender prediction is highly
recommended and the MFFANNs registered the
highest rates (R & SEE). In summary, our neural
networks classifiers’ performance criteria can be
ranking as MFFANN, SVR-RBF, and KNN. The rest
of the study is organized as follows: Section 2 shows
the previous related works. Section 3 gives the
method used and overviews ANNs’ classifiers
techniques. Section 4 outlines the system framework
and the dataset used for gender detection protocol.
While Section 5 represents the results and
discussion. Finally, Section 6 concludes the study
and followed by references.

2. Related work
In recent times, growing demands for receiving a
reliable gender prediction technique is extremely
recorded and open this field for a deep research
works. This fact encourages researchers for a
continuous developing to reach the best tool for
gender prediction. Indeed, many proposals in gender
verification have been published [1, 2, 4, 12, 13, 14,
and 15]. Table 1 below summarizes the significant
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articles accomplished in this field with their findings.
As a result of these researches, it can be concluded
that the use of ANNs is highly recommended and is a
promising approach to be used in gender
classification applications. Particularly, obtaining
ANNs’ prediction and classification algorithm is
very feasible and accurate.
Articles in [3, 10, and
14] share the basic ideas for gender detection and
face recognition. Using a mobile application, a study
in [11] introduced a conventional ANNs base for
gender detection. Instead of FERET dataset, the
study used a private video dataset. The study outputs
were pretty promising in adequate lighting
conditions; however, it was failed to validate face
and gender during moonlight conditions. In [16], the
study examined a hieratical approach for a multiview facial recognition to reach the target gender. To
serve voting application schemes, the study
multiplied images from different viewpoints and
created a valuable dataset and enhanced the
evaluation outputs. Paper [17], is more nominated to
use in verification for how fast gender recognition
performs. To obtain the results, three different face
processing levels were set. These levels include: a
superordinate face categorization level; a face
familiarity level; and verifying a face from a target
person level. The study used 27 subjects to test and
validate the results. This methodology elapses the
system only 0.25 seconds to figure out the targeted
person’s gender from the crowd.
A study [10] employed multi agent tool for
classify people extracting only age and gender from
the image. It was carried out under an uncontrolled
condition, particularly brightness, contrast, and
saturation. Great efforts were hired to refine the
image quality and integrated techniques used. The
system performs classification in real world very
well. Based on face attributes, [18] predicts gender
and age by analyzing the dataset of four factors. In
the analysis, the study includes factors for age,
neural network depth, penetrating, and strategy. The
study reached a recommended finding for gender
recognition and age estimation. In order to boost up
gender recognition criteria, papers [14, 19] combined
both the face inner cues and outer cues with neural
technique. The study results claim that the external
cues quietly improve prediction performance for
gender recognition pattern. Furthermore, the logic
inference system improves the prediction results.
When SVR-based used, the results show that
unconstrained database performs better results than
that of the constrained database with the averages
obtained 93.35% and 91.25%, respectively. Paper
[14], a gender recognition performed by using: 1)
neural faces; 2) expressive faces, and 3) occluded
faces.
To obtain the results, [14] compared global/local
applications/Grey level/PCA/LBP features and three
classifiers. Also, three statistical test across two
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performance measures were employed to support the
conclusion of local models surpass the global ones
with different types of training and testing faces
datasets. However, global and local models
performed equal outputs when running the same
training and testing faces data points. Using human
giants in the image sequence, the study [23]
investigated gender classification. A study [23]
exploited canonical correlation analysis and
minimize the errors across a large dataset.

3.2. MFANNs
MFANNs is a powerful subset of machine learning
technique in which multilayered feed-forward learn
from the vast amount of data. It is an intelligent way
in neural computing used for evaluating prediction
and classification performance. A study [21], well
introduced and presented the MFANNs. It imitates
the human brain neurons behavior for data
processing. MFANNs orchestrates a single input
layer, two or more hidden layers, and a linear single
output layer. Initially, the training dataset is nurtured
to the system via the input layer and each neuron
propagates its computed outputs and forwarded it to
the next corresponding neurons across a system of
coherent interconnected layers.

Figure 1. Skull gender variations between Male (left)
and female (right)

3. Method and classifiers overview
3.1. Method
In this model, models for gender prediction using
ANNs’ intelligent classifiers are used. To achieve the
best results, models for MFANNs, SVR-RBF, and
kNN were constructed and operated. Figure 2 gives a
schematic diagram for our ANNs’ classifiers
architecture and the following points outline the
method:
1. From the source FERET dataset, a set of 450 data
point is cropped.
2. DCT is a dynamic and flexible image descriptor
technique used to transform images in the training
and testing phases.
3. MATLAB R2010a is used to perform ANNs
computation.
4. Input features for the elite patches and the
candidate are measured and extracted for the cropped
data points, preprocessed, and forwarded to the input
layer.
5. ANNs’ classifiers (i.e. MFANNs, SVR-RBF, and
k-NN) models are built to calculate the performance
metrics.
6. The linear output function predicts the class type
as male or female.

Figure 2. A Schematic ANNs classifiers
This process adapts the MFANNs errors and the
final output prediction calculated and presented in
the output layer. Equation (1) used to calculate the
mean squared error and Figure 3 gives a typical
MFANNs architecture. Where Ui are inputs, hi(.)
and Xi(.) are the first and the second hidden layers’
computations, respectively, and y is the output class.
The back-propagation algorithm is the ultimate
method to perform the finest result [11].

where E(t) is MSE at any time t; yj(t) is the
predicted output; dj(t) is the desired output.

To perfectly compute the outputs, a 10-fold CV is
used [20] and the averages reported. During the
training and testing phases, the male and female
classes are coded as 1 and 0 respectively.
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Figure 3. A typical MFANNs

3.3. SVR-RBF
SVR-based, is a recommended ANNs prediction
algorithm commonly used in gender detection
applications. SVR-RBF is a super non-linear form
prediction method can be used to reach an optimal
gender recognition result. The following equations
(2-5) are derived to calculate the SVR-based
classifier [22], [24]:

where
is nonlinear mapping of the input space
onto a higher dimension feature space; xr and xs are
support vectors. Eq. (3) can be written as follows if
the term b is accommodated within the kernel
function:
the term b is accommodated within the kernel
function:

The final derived equation for SVR-RBF is:

Where

is the width of the RBF kernel.

4. Dataset generation
In this study, the primary FERET database is
used because authors were get a permission and
offered an access right to use it for a research work
(NIST, 2017). The amount of the FERET dataset
consists of 14051 data points’ 8-bit grayscale images
of human heads with views ranging from frontal to
left and right profiles. The characteristics and the
descriptive statistics for the dataset was well
introduced in [7-9] and it is access right distributed
by The National Institute of Standards and
Technology (NIST). From the FERET dataset, the
study used only a subset of 450 (male is 237, female
equals 213) data records. Images named in an integer
sequence of the form (nnnnnxxfffq_yymmdd.ext).
This long string file name organized as: the first 5
(nnnnn) digits represent a file name, the next two
digits indicate the kind of imagery (i.e. fa: for the
frontal expression, and fb for alternative facial
expression), three fff binary digits represent a single
flag (a: if the image is releasable for publication; b:if
image is histogram adjusted; and c: if image was
captured), a single bit named q for a modifier such
as(i.e. if q=a: glasses worn; if q=b: duplicate with
different hair length; if q=c: glasses worn and
different hair length; if q=d: resized and adjusted; if
q=e: clothing has been retouched; if q=f and g: for
image brightness reduced by 40%,
80%,
respectively; if q=h, i, and j: for image sized has
been reduced by 10, 20%, 30%, respectively, and the
three fields (yymmdd) represent the date in year,
month, and day format. The file extension defines
the data type inside a file (.png).
Therefore, the study consists of: fb equal 400
subjects, fa is 50 subjects, images with q=a is 35, and
so on. DCT converts a picture from its original
domain to the frequency domain and it is used for the
real numbers only. Based on image frequencies,
DCT divides images into different parts. In
quantization phase, the minor frequencies neglected
and the only main frequencies are extracted in the
prediction phase [5]. The DCT is a robust gender
prediction system through the equations Eq. (6) and
Eq. (7).

K-nearest neighbors (k-NN), is a simple nonparametric machine learning technique widely used
to classify data-based similarities. K-means
developed to perform anomaly detection analysis
when reliable parametric estimates of probability
densities are unidentified. It uses the Euclidean
distance metrics to categorize the new point (testing)
into the existing groups (training).
where m(x,y) represent the (x,y)th element of the
image in matrix p, and i and j are coordinates in the
transformed image. N is the size of the block that the
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DCT perform. Eq. (6) computes one entry (i,jth) of
the transformed image from the pixel values of the
original matrix [5].

algorithms. The outcome number is chosen based on
both the direction with the corresponding number for
the magnitude.

5. Results and discussion
The elementary process for the system can be
summarized in Figure 4 which illustrates the image
selection steps. First, the original image is randomly
cropped from FERET dataset as in Fig. 4(a)
randomly choose an image. Second, resized the
selected image as in Fig. 4(b). Third, convert the
target image into an RGB form (red, green, and blue)
as in Fig.4(c). Eq. (8) used to outputs any given RGB
color vector of the values a, b, and c, respectively
[16]. For the preprocessing process a normalization
is an indispensable way that makes a descriptor
independent from lighting changes.

Figure 5. Performance measures for ANNs Output.
ANNs procedural process model is illustrated in
Figure 6 below. It summarizes the procedure model
steps starting from network initialization until gender
prediction.

where a, b, and c are any color values from 0 to
255.

Figure 6. ANNs Procedure Steps
In order to achieve high output rates, the dataset
is precisely divided into 80% and 20% for the
training dataset, and the testing dataset, respectively.
The training phase represents an initial part for the
prediction system construction. However, many
public training algorithms can be used for adapting
the network and the Levenberg-Marqurdit is a
recommended one. The testing phase examines the
performance measures of the classifier and validates
the system accuracy. The performance metrics of
ANNs techniques are calculated by using 10-folds
CV and reports the arithmetic averages for the
accuracy rate and MSE. The following Eq. (9) and
Eq.(10) used to calculate the R and the standard error
of estimate (SEE) metrics.

Figure 4. Illustration of image selection
Figure 5 gives the performance measures for the
ANNs gender prediction outputs. In this figure, the
arrow gives the direction of gradient while the
arrow’s length shows the magnitude, and the
direction of arrows indicates the direction of change
in intensity. The angles range from 0 to 180 degrees
because the study employs unsigned gradients
paradigm. An unsigned number properly represents a
negative and positive number and gives high
performance in gender determination than the other
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where n is the number of data points used for
testing, Y is the measured value, Y’ is the predicted
value, Y is the average of the measured values, Y’ is
the average of the predicted values.
Figure 7 gives our neural networks prediction
performance metrics.

0)
using
multi-layer
feed-forward
ANNs
architecture. This study proved that MFANNs
findings are even better than SVRRBF. Also, the
study concludes that k-NN algorithm is not a
recommended way in predicting gender detection
applications.
Table 2 shows the MFANNs structure that gives
the best results for gender detection evaluation.
Promoting the MFANNs technique requires a deep
organizing for its neural elements layering
architecture, which coordinates one input layer for
inputs, two hidden layers each supported by several
neurons and a tansigmoid activation function, and a
linear-based activation function for the output
predictions. This system configurations reached after
a long examination for all network parameters
individually and observed each parameter’s
contributions on the outputs.

Table 2. ANNs Performance Metrics for Gender
Prediction

Figure 7. ANNs accuracy rate and errors

Table 1. Summary of the ANNs related works
Figure 8 describes the MFANNs validation
measures, which include: the learning rate (chosen as
0.02), a momentum (chosen as 0.5) and the best
validation parameters are (selected as 0.078921) at
epoch 6 for a single image which demonstrates the
accuracy with MSE limits to zero.

Figure 8. A MFANNs validation metrics.
It is recommended that MFANNs performs better
results than SVR-RBF and k-NN. Compared our
findings versus the ones shown in Table 1, authors
claim that this method performs the highest accuracy
results (i.e. accuracy rate is 96.9% and SEE limit to
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6. Conclusion
The lack of a reliable and the best gender
prediction system motivates researchers for a
continuous developing in prediction algorithms,
especially in the areas for a cosmetic surgery and the
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security applications. In summary, three robust
machine learning techniques named MFANNs,
SVRRBF, and k-NN models are used to predict the
gender detection. A set of 450 subjects is selected
from the FERET dataset and used for gender
prediction system. Improving results computation, a
10-folds CV technique is used and the performance
averages for the accuracy rate and SEE values are
reported. Results of our three-gender prediction can
be listed in an ascending form as: MFANNs, SVRRBF, and k-NN. It is shown that MFANNs
registered the highest performance accuracy rate and
lowest errors. Comparing the results achieved in this
study versus the ones obtained in the previous related
works, authors claim that the findings is a highly
recommended and extreme-reliable for gender
prediction. Future research can be extended to
amplify the input features from the face area, iris,
and eye detection to perform gender prediction.
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